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Abstract
Strategic decision-making in organisations is a complex process affected by preferences, experiences, perspectives, and 
knowledge, which, in most cases, are ambiguous, contradictory, and represented in unstructured data. This paper develops a 
methodological framework to address strategic decision-making processes from a multi-criteria perspective, assisted by text 
analytics and interviews. The framework comprises five stages and 12 steps, and is empirically tested in a decision scenario 
involving a strategic focus for future analytics initiatives in order to stimulate value generation from analytics. The proposed 
framework enables the discovery, validation, and prioritisation of strategic patterns from relevant interview data. Among 
six decision alternatives discovered in the validation scenario, customer analytics was the strategic focus most relevant to 
future analytics initiatives. This article contributes to understanding and addressing complex decision-making processes and 
mixed research in organisations, through a multi-criteria perspective leveraged by a text-driven computational approach.
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Introduction

The question of how to make decisions in strategic organisa-
tional scenarios is a complex process that has seen increased 
interest in the field of decision-making sciences since the 
late 1960s (Kellermanns and Floyd 2005; Stagner 1969). 
This process is characterised by the need to identify and 
prioritise strategic alternatives (Floyd and Wooldridge 1992; 
Kellermanns and Floyd 2005), taking into account the per-
spective of organisation strategists. Strategists are under-
stood as those who are responsible for organisational per-
formance by providing a dynamic environment which forces 
the organisation to innovate and mitigate competition for 
survival (Heene 1997; Collins and Clark 2003; Holm et al. 
2020). Strategists are thus either part of the top management 

team or functional managers, or assume both roles, depend-
ing on the size/structure of a firm.

Grošelj and Stirn (2017) explain that strategic decision 
making involves a diversity of opinions among decision-
makers. Each strategist has substantial knowledge and a 
focus on their specific organisational context (e.g., area, 
process) but also a particular understanding of the whole 
organisation (e.g., personal bias of the strategist; Stagner 
1969; value conflicts and mental models not shared among 
and across leaders, Kruse 2008). Each strategist thus has 
their own idea of the “best” route via which to contribute 
to organisational performance and competitive advantage, 
which is consistent with the recognised causal ambiguity 
between strategic resources and performance (Barney 1991; 
Kellermanns and Floyd 2005).

To illustrate a strategic decision-making issue in the cur-
rent era, consider, for example, an organisation in which a 
set of strategists are debating about which would be the best 
management style to adopt in all organisational projects to 
potentiate project success, recognising and taking advantage 
of the current organisational capabilities/resources. This is 
a strategic issue considering its implications for the cur-
rent and future projects’ management/performance/value 
and organisational performance (Dutton et al. 1983; Stacey 
2009). Some essential questions in this regard include: how 
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should such a goal be operationalised? How should decision 
alternatives be defined? From which criteria should alterna-
tives be evaluated? How should the relevance of the criteria 
and alternatives be measured? To answer these questions, 
among others, implies considering the named strategists. 
However, answers for each strategic issue will be influenced 
by subjective and heterogeneous aspects (e.g., mental mod-
els, interests, experience, decision power, area leading in 
the organisation, and available information), making consen-
sus difficult and affecting quality decision making (Burnett 
1998; Dutton et al 1983; Stacey 2009). Besides, there is not 
a universal answer to these questions, because each organisa-
tion has a particular latent culture, capabilities, knowledge, 
resources, and style in general. Likewise, there is no com-
prehensive objective structured data that allows us to simply 
analyse it and obtain a magic response to these questions. 
Therefore, decision-making approaches recognise that at the 
early stage, a strategic issue as the exposed example should 
be adequately formulated and specified (Ansoff 1980; Dut-
ton et al 1983; Stacey 2009).

The decision-making process is even more complex in 
the current era (and future projections) (Grošelj, and Stirn 
2017; Zhang et al. 2019) due to the extensive use of virtual 
work environments (Danilova et al. 2020), which have been 
accelerated by issues such as the Covid-19 pandemic. For 
example, decision making during online sessions is highly 
dependent on the operating conditions of the technology, 
and may reduce the potential for (a) interactions between 
decision-makers (Deshpande 2016; Tiell 2017), (b) sensory 
experiences (Snyder 2021), and (c) feedback during the ses-
sions (Pham and Hoai 2021).

In summary, strategic decision-making in the organisa-
tional context is a complex process with consequences for 
organisational performance, and is affected by preferences, 
experiences, perspectives, mental models, and knowledge, 
which, in most cases, are ambiguous (Musaji et al. 2020), 
contradictory (Dooley and Fryxell 1999), and represented in 
unstructured data (Markham et al. 2015).

One recent concern requiring consensus among organisa-
tional strategists is the reactive perspective that is frequently 
used to define/deploy analytics initiatives. Although there 
are several successful cases using analytics methods and 
their combinations, studies report a disconnect between such 
initiatives and organisational strategic priorities (Becker 
2017; Park et al. 2017). According to Nacarelli and Gefen 
(2021), Curtis and Perryman (2021), and Wang (2019), 
between 60 and 85% of analytics initiatives fail to achieve 
their objectives and generate value for the organisation.

We aim to contribute to consensual strategic decision-
making by developing a multi-criteria framework assisted 
by text analytics and interviews. This framework allows the 
discovery, evaluation, and choice of consensual strategic pat-
terns from a computation/evidence-based perspective, and is 

applied in a strategic domain of analytics. This domain refers 
to the priority strategic focus required by an organisation to 
ensure value generation from analytics. This is important 
because it is consistent with international concerns about 
the decision-making process among strategists and recent 
failures in analytics initiatives (Nacarelli and Gefen 2021; 
Wang 2019; Curtis and Perryman 2021). Each organisational 
area (e.g., human resources, marketing, production, logistic) 
frequently uses isolated analytics initiatives supported from 
the individual perspectives (e.g., interests, mental models) 
of each strategist instead of a common strategic focus. This 
isolated/individual view is causing some projects to result 
in conflict, repetitive tasks, efforts that are focused merely 
on methodological goals, and superficial/fragmented/partial/
reactive analytics “solutions.” These projects are based on 
sub-optimal purposes, abandoned before completion, high 
resource consumption, and do not favour organizational per-
formance. In other words, analytics initiatives are frequently 
disconnected from strategic priorities.

A consensual strategic focus for future analytics initia-
tives in harmony with organisational priorities would help 
with: (a) the better use of limited/core resources, (b) the 
granularity of the solutions, (c) teamwork, and (d) the devel-
opment/accumulation of more relevant organisational capa-
bilities in analytics to favour organisational performance and 
competitive advantage.

We take a computation/evidence-based perspective in 
order to develop a multi-criteria decision analysis frame-
work assisted by text analytics and interviews, to contribute 
to consensual strategic decision-making processes.

Multi-criteria decision analysis allows prioritising deci-
sion alternatives in the organisational management arena. 
This challenge is dependent on the multiple preferences, 
perspectives, and mental models of the decision makers, 
and has been widely addressed as a multi-criteria decision 
problem (Marttunen et al. 2017).

Interviews are useful because they are a traditional way to 
capture valuable data from strategists and promote discus-
sions, analyses and decision-making processes. Interviews 
are “a way of finding out what others feel and think about 
their worlds” (Rubin and Rubin 1995, p. 1). Interviews are 
therefore a valuable technique to stimulate participation and 
deepen the thinking/feelings of people about various organi-
sational concerns/challenges/needs (Kee and Thompson-
Hayes 2012), which is also useful in the current and future 
virtual work environments (Danilova et al. 2020).

In addition, if through the conscious verbal language of 
individual (e.g., strategist), from the late 1960s to date the 
difficulty of making consensual strategic decisions in prac-
tice has been reported, the discovery of non-explicit pat-
terns in that language can be a useful mechanism to help 
generate such consensus based on the underlying (latent) 
evidence. Text analytics is a powerful resource for this 



32 J. I. P. Rave et al.

purpose, because according to Moulin (1992), a writer/
speaker chooses relevant information from the world that 
surrounds them, then builds a conceptual map (concepts 
and relationships) and expresses it through an oral or writ-
ten discourse (linguistic level) to describe beliefs, emo-
tions, sensations, knowledge, behaviours, attitudes, and so 
on, without them being physically present (Kazemzadeh 
et al. 2016). It is thus possible to identify verbal language 
about the relevant strategic concerns in an organisation 
through interviews, to transform these verbal manifesta-
tions into textual data (manual or automatic transcrip-
tions), and then to mine it through text analytics. Text ana-
lytics is thus useful in the present context because it allows 
valuable latent patterns to be discovered in textual data 
(including interview transcriptions derived from virtual or 
face-to-face environments) concerning processes, people, 
technology, networks, innovation, and learning, among 
other organisational facets (Khan and Vorley 2017).

This paper extends frameworks for unstructured data-
enabled decision making, such as those by Markham et al. 
(2015) (in new product development: define questions, 
identify sources, create dictionaries and rules, collect data, 
conduct analysis, assess data, scores, and decide); Amado 
et al. (2018) (in marketing: literature collection, diction-
aries, document-term matrix, and topic modelling); and 
Mathaisel and Comm (2021) (in political marketing: text 
preprocessing, topic modelling, sentiment analysis, and 
visualisation), providing the following:

(1) A mixed methodological framework (five stages and 12 
steps) to assist computation/evidence-based managerial 
decision-making processes, based on valuable written 
natural language collected from interviews (e.g., to 
strategists).

(2) Procedures to examine four properties (reliability, 
validity, novelty, and robustness) in the latent patterns 
discovered from texts, using a data-driven approach 
nourished with psychometrical considerations.

(3) Original evidence derived from applying the framework 
to the strategic focus of analytics initiatives. Addressing 
such a case led to customer analytics being identified 
and chosen as a priority topic for the organisation stud-
ied. We also provide suggestions about possible uses of 
the proposed framework in future marketing scenarios 
focused on customer analytics.

Currently, mixed research is required in several organiza-
tional fields (Harrison 2013). Krishen and Petrescu (2021, 
p. 1) state “Perhaps academic research methodologies 
needed to evolve over the last few decades to augment 
and interrogate logical positivism and interpretivism.” 
This paper expands the understanding of mixed research 

into strategic decision-making, taking a multi-criteria per-
spective assisted by text analytics and interviews.

Literature review

This section explains two essential elements for a better 
understanding of the paper: the argument that analytics is 
a strategic issue, and its role in the organisational context.

The strategic issue

A strategic issue in the organisational arena can be under-
stood from several perspectives: prospective, current oppor-
tunity/problem, geographic, and procedural. The prospec-
tive perspective assumes a strategic issue as a forthcoming 
development (inside or outside the organisation) that is 
likely to have a relevant effect on the organisation’s ability to 
achieve its objectives (Ansoff 1980). From a current oppor-
tunity/problem perspective, it is a substantial/structural gap 
between the performance objective of the organisation and 
the achieved performance (Baaij and Reinmoeller 2018) The 
geographic viewpoint represents this as a kind of problem of 
interest to many organisations in various countries (Sandul 
2015). From a procedural view, a strategic issue involves 
a complex task that does not have a well-defined route to 
address it (Charest 2007).

Value generation from analytics (VGA) is an organisa-
tional issue which can be defined from these perspectives: 
(1) it is an opportunity/problem essential for meeting a 
firm’s current and future strategic objectives; (2) it is a topic 
of increased global interest for academia and organisations; 
and (3) it is a multi-criteria decision problem that is catego-
rised as a complex decision problem.

VGA is an opportunity for considering the possibilities 
to take advantage of the volume, variety, velocity, and value 
(Sagiroglu and Sinanc 2013) of big data, and several appli-
cations in this area have contributed to improving organi-
sational performance. It is worth noting the achievements 
of organisations such as T-Mobile (reduction of customer 
abandonment by 50%; van Rijmenam 2013) and McLaren 
Formula One (failure prevention; Hungerford 2017). Park 
et al. (2017, p. 76) state that “80% CEOs or executive teams 
view big data analytics initiatives have the potential to 
drive business value such as creating new revenue streams, 
improving operational efficiency or cutting cost.” This is 
consistent with Larson (2019, p. 95): “business analytics is 
a core competency critical to organizations to stay competi-
tive.” VGA also represents a practical gap; for example, most 
big data analytics projects fail to achieve their mission (Park 
et al. 2017; Kabanda 2019). In fact, according to Becker 
(2017, p. 2320), “Big Data projects have still been experi-
encing very high failure rates.”
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The diversity of references and cases cited for the first 
consideration also partially covers the second (global inter-
est in the subject). This interest is also supported by a bib-
liometric exploration of Scopus (April 24, 2020), perform-
ing analytics in the context of big data, excluding 2020: 
TITLE (“analytics”) AND TITLE-ABS-KEY (“big data”) 
AND (EXCLUDE (PUBYEAR, 2020)). The search provided 
4,643 documents from 2010 to 2019, and showed a notable 
increase by year (2010: 1 document; 2015: 523; and 2019: 
1074). Several countries are interested in this subject, such 
as the United States (1426 documents), India (762 docu-
ments), China (434 documents), and the United Kingdom 
(309 documents). In summary, it is possible to state that 
VGA is a topic of global interest for helping to generate 
value for organisations.

With respect to the third consideration (multi-criteria 
decisions), there is no universal idea of how to generate 
value from analytics in organisations. The complexity of this 
concern is not merely methodological, but also ontological. 
For example, how can researchers assume and interpret ana-
lytics in the organisational context? Most efforts to respond 
to this question are merely procedural, perhaps because of 
the popularity of dealing with large volumes of data and the 
status that advertising portrays. However, one of the main 
causes of failure in big data initiatives are “wrong/inade-
quate skills and incorrect business objectives” (Becker 2017, 
p. 2321). Larson (2019, p. 98), based on several works, 
states that “the success and value of a business analytics 
project will be defined at the start of the project.” Similarly, 
Strohmeier and Piazza (2013), in a review of 100 papers on 
data mining (a resource for analytics) in the field of human 
resource management, conclude that solutions rarely con-
sider the needs and requirements of the specific domains 
(and subdomains). It should therefore come as no surprise 
that most analytics initiatives fail to deliver valuable results 
for the organisation (Becker 2017; Campion et al. 2016; 

Shah et al. 2019). Campion et al. (2016, p. 958), in a person-
nel selection context, state, “little is known regarding how 
organizations can leverage these advancements [big data] to 
develop more effective personnel selection procedures, espe-
cially when the data are unstructured (text-based).” Larson 
(2019, p. 98) points out that “analytics is still evolving; thus, 
best practices are just starting to emerge.” In other words, 
the problem (or opportunity) stemming from analytics is a 
confusing issue; that is, it is not precise or structured, and 
there is no clear goal relating to the classical proposition “to 
generate value for organizations from big data.”

The described considerations (current practical oppor-
tunity/problem, prospective solution, globalised topic, and 
procedure) thus reinforce the assumption that VGA is a stra-
tegic issue for organisations.

Role of analytics in the organisational context

If VGA is a strategic issue, it is reasonable to understand the 
role of analytics from a systems thinking viewpoint (Senge 
1996) that allows feedback relationships, temporal delays, 
and the balance achieved through adaptation mechanisms to 
renew firms and generate competitive advantages to be con-
sidered. Figure 1 shows a proposed archetype in this regard.

Considering Fig. 1, it is worth noting that market changes 
and pressures require firms to generate and deploy strate-
gic initiatives to respond successfully to the needs of their 
environment. A fundamental mechanism for the adaptation 
and responses of firms is the development of dynamic capa-
bilities. Teece et al. (1997, p. 516) describe dynamic capa-
bilities as “the firm’s ability to integrate, build, and recon-
figure internal and external competences to address rapidly 
changing environments.” Collis (1994) asserts that dynamic 
capabilities govern changes in operational capabilities (day-
to-day activities), which are responsible for the processes, 
products, and services of firms (Winter 2003). According to 

Fig. 1  Archetype for the role of 
analytics in organisations
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Pavlou and Sawy (2011), among others, dynamic capabili-
ties are an essential driver of a firm’s competitive advantage 
through the renewal of operational capabilities.

From the dynamic capability approach, analytics can 
be understood as actions/methods, processes, and strate-
gic resources, and their final mission is to contribute to the 
generation of a firm’s competitive advantage through the 
renewal of their day-to-day operations, through the entire 
data life cycle. This is consistent with the provider-user rela-
tionship recognised between analytics and functional organi-
sation areas (Hagen 2021); analytics delivering insights from 
the data provided by the internal/external operations of func-
tional areas; likewise, these areas use such insights for better 
decision-making processes in the organisational arena.

This renewing role of analytics is also consistent with 
the methodological, process, and strategic perspectives. 
From the methodological perspective, analytics is “a way 
of extracting value from these huge volumes of informa-
tion, and it drives new market opportunities and maximizes 
customer retention” (Zakir et al. 2015, p. 81) or “the extrac-
tion of hidden insight about consumer behavior from Big 
Data applying that insight in business decisions” (Ertemel 
2015, p. 45). From a process perspective, analytics is “the 
process of inspecting, cleaning, transforming, and mode-
ling data with the goal of highlighting useful information, 
suggesting conclusions, and supporting decision making” 
(DeKroon and Karp 2013, p. 4) or “the process of develop-
ing actionable insights through problem definition and the 
application of statistical models and analysis against existing 
and/or simulated future data” (Cooper 2012, p. 3). From 
a strategic perspective, Fagerjord and Kueng (2019, p. 7) 
considered the successful case of Netflix, and saw analytics 
as “a strategic capability that creates competitive advantage 
and allows it to achieve superior returns”. Similarly, Grinko 
et al. (2017, p. 5) refer to analytics “as a strategic differentia-
tor for management.”

It is therefore vital for an organisation to identify and pri-
oritise a strategic focus for future analytics initiatives (e.g., 
ideas, projects, investments, approaches, technologies, and 
applications) that guides and stimulates a proper renovation 
of operational organisational capabilities, using correct and 
relevant processes, actions, and methods of analytics.

Without correctly identifying and understanding a strate-
gic focus of analytics that is consistent with strategic organi-
sational priorities, other forms of analytics (action/method 
and process) will tend to fail. However, in the real organi-
sational arena, it is not easy to generate consensus among 
strategists about the strategic focus of analytics; this issue 
has no universal answer, it is multi-criteria decision-making 
depending on the internal and external factors surrounding 
the strategists. It is also not a precise problem; for example, 
it is not easy to see a strategic concern and to immediately 
understand it. How does each strategist interpret it? What 

is the most complete and parsimonious representation of 
it? What are the underlying preferences, alternatives, and 
criteria of the strategists?

The real organisational arena in the strategic scenario 
therefore requires soft and hard skills, and a combination of 
analytics frameworks with other complementary resources. 
We take this opportunity to propose a multi-criteria decision 
framework, assisted by text analytics and interviews with a 
set of strategists.

The importance of using text analytics and interviews 
is supported in that one of the main weaknesses of multi-
criteria decisions is subjectivity in establishing objectives, 
alternatives, and criteria (and their weights); that is, the 
stage of problem structuration (Marttunen et al. 2017).

The observation scenario provides the following:

(a) Relevant and non-common textual data: The strategists 
are very busy because considering the organisational 
structure, they are part of the top management team. 
Obtaining primary data from interviews lasting for 
45–60 min with a set of strategists is thus a practical 
challenge in the natural environment. The data obtained 
was fundamentally related to long-term situations (e.g., 
the current situation of the firm, the organisation vision 
in five years, the main practical challenges of achiev-
ing this vision in the future, etc.). That is, the underly-
ing thinking in this data is not something that changes 
from one day to the next; unlike a traditional corpus 
of tweets, the hidden patterns in the data are not very 
changeable in the short term.

(b) It is hard to identify consensual patterns among organi-
sational strategists, because each one tends to observe, 
interpret, and act based mainly on a fragment of the 
reality generally represented by the area or process that 
the strategists manage (e.g., finance, human resources, 
quality, etc.).

(c) The field work was performed during the Covid-19 pan-
demic, forcing data collection to be carried out when 
the organisation had implemented working at home (or 
teleworking). Online sessions had already been imple-
mented to deploy strategic, tactical, and operational 
decision-making processes in the organisation. This 
adds value to the scenario studied, because teleworking 
and virtual environments are world megatrends (Hajko-
wicz and Roy 2013; Naotunna and Priyankara 2020).

These considerations reinforce the relevance of the 
observation scenario and the importance of adopting a 
multi-criteria perspective for the problem of VGA from 
a strategist’s perspective. Unlike most multi-criteria 
decision-making works which are assisted by interpre-
tative tools (e.g., SWOT, brainstorming, and the Delphi 
technique) for structuring the problem (e.g., alternatives, 
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criteria, preferences) and evaluating alternatives within 
criteria; however, our framework uses a text-driven com-
putational approach, employing data from interviews with 
strategists.

From a practical perspective, the empirical application 
of the proposed framework in the observation scenario 
provides insights about consensual strategic patterns 
related to analytics, considering the explicit/implicit think-
ing of functional managers (in this context, they are also 
members of the management team). These insights provide 
valuable input for the CEO to consider during the insti-
tutionalisation of the strategic focus for future analytics 
initiatives in the organisation.

Methodology

Figure 2 summarises the proposed methodological frame-
work to systematically assist multi-criteria decision anal-
ysis with text analytics and interviews. The framework 
(Fig. 2) is based on a mixed paradigm (qualitative—quan-
titative) from a text-driven computational approach that 
leverages interview data for organisational strategists.

Note in Fig. 2 that the proposed framework assumes 
a general multi-criteria approach nourished by discovery 
patterns resources/capabilities derived from text analyt-
ics (text pre-processing, topic modelling, distributed 

Fig. 2  Framework for multi-criteria decision analysis assisted by text analytics and interviews
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dictionary representation, cosine similarity) which 
increase the value of interview data from text producers 
(in this case, the strategists). Such resources/capabilities 
also enable more automated operations, which increase 
efficiency, transparency, and the reproducibility of the 
decision-making process.

In the next subsections, we show and explain the deploy-
ment of the framework (five stages and 12 steps) and its 
empirical results, considering the studied decision-making 
scenario on VGA.

Results and discussion

This section is structured in the stages of the proposed 
framework (see Fig. 2). In this study, the decision-makers 
were all strategists who direct functional areas and at the 
same time form part of the top management team. These 
strategists play an essential role in the context of data ana-
lytics (providers of data and customers of data products) 
considering the day-to-day operations in the organisation 
(Hagen 2021).

Defining the multi‑criteria decision making case

– Objective statement: To contribute to maximising the 
VGA for the organisation using the correct choice of 
strategic focus for future analytics initiatives.

– Multi-criteria question: What alternative (X) for the 
future development of analytics initiatives in the organi-
sation could provide the most VGA?

– Analytics function: see Eq. 1:

Let Xj be a binary variable that represents the event of 
chosen (1) or not (0) for topic j (alternatives) and Wi is the 
weight (relative importance) of criterion i. Let Sij be the 
scores for the alternative j within the criterion i. Tradition-
ally, in multi-criteria decision scenarios,  Sij is calculated 
based on perceptual rating (Kreković et al. 2016; Marttunen 
et al. 2017; Munier et al. 2019; Pérez-Rave et al. 2015). 
However, we use a text-driven approach based on cosine 
similarity (Eq. 2) between terms’ vectors (tv) representing 
alternative j and criteria i. This procedure is explained in the 
section “Discovering the scores of alternatives within each 
criterion using a text-driven approach.

With ‖tv‖ the vector length. In addition, in the observation 
scenario, for reasons of focus, specialisation, and better use 

(1)Max VGA =
∑

j

∑
i
WiSijXj with

∑
j
Xj = 1

(2)CoSim(�)ij =
tvi.tvj

‖‖tvi‖‖
‖‖‖tvj

‖‖‖

of resources, the company restricted the number of alterna-
tives to choose one strategic topic to focus on and develop 
future analytics initiatives.

Structuring the multi‑criteria components 
exploding interview data using a text‑driven 
approach

This structuration implies defining the alternatives, decision 
criteria, and criteria weights; however, instead of structuring 
the multi-criteria case from the traditional interpretativist 
perspective (e.g., FODA, Delphy method, brainstorm) (Mar-
ttunen et al. 2017), we incorporate text analytics resources 
that allow a reduction of subjectivity and increase of trans-
parency, efficiency, and reproducibility.

Discovering the alternatives

From a qualitative perspective, we administered eight ques-
tions (online sessions) to put to a set of organisation strate-
gists (eight managers and directors of a Colombian organisa-
tion). Two of these questions were “Considering the strategic 
role of the organisation, how do you see the company in 
5 years?” and “What are the main concerns or needs that 
the organisation should begin to address to come as close as 
possible to that privileged position?” This stage produced 
text data derived from interviews with strategists, which 
constitute the corpus under study. From a text analytics per-
spective, this stage involved the following steps: (1) con-
solidating and reading the interview transcripts (corpus); (2) 
preparing the data using normalisation (lower case, remove 
punctuation, corrections), and stopwords removal; and (3) 
making a basic summary of the data considering the num-
ber of pages, words, and characters to answer the following 
question: What numerical synthesis reasonably describes the 
basic content of the strategists’ thinking?

The interview transcriptions range from 3 to 5 pages, with 
a mean of 4.75 and a standard deviation of 1.49. Similarly, 
the number of document characters demonstrates the long 
duration of the interviews. For example, while a tweet has 
no more than 278 characters (mean of 34 characters) and 
text analytics applications largely use that type of data, the 
present corpus of interview transcriptions ranges from 3691 
to 10,416 characters, with a mean of 6375.5 characters and 
a standard deviation of 2611.98 characters. In other words, 
this mean value is 187.5 times greater than the common 
size of a tweet. Gong and Poellabauer (2017) called their 
sample (in the context of detecting depression) a “long inter-
view” sample, with a duration between 7 and 33 min. In the 
present study, however, the duration of interviews ranged 
from 45 to 60 min. The 5919 words that we obtained from 
interviews with strategists thus constitute a valuable corpus 
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with complex and challenging patterns for discovery and 
conversion into actionable information.

We defined a coherent page as the unit of analysis in order 
to explore the common underlying context for the strategists 
during the interviews and not merely the particular context 
of each strategist (document), in the present study. This seg-
mentation is a practical approach that allows the application 
of topic modelling to documents or parts of documents. The 
integrative framework proposes diverse existing techniques 
to deploy topic modelling to discover latent patterns repre-
senting the decision alternatives. We chose Latent Dirichlet 
Allocation (LDA, Hou-Liu 2018; under Gibbs’ method) to 
show the first application of topic modelling in the frame-
work, to discover latent topics from text data (interviews), 
because it is efficient and widely recognised in the literature, 
and makes no previous assumptions about the content of 
documents. For example, Mathaisel and Comm (2021, p. 3) 
use LDA in political marketing and state that “it is robust, 
common to open-source software…, and is the most widely 
used technique.” LDA requires the specification of two 
parameters; one is the corpus, and the other is the number 
of topics. The latter is still an open question (Hou-Liu 2018); 
however, the proposed framework suggests considering at 
least four metrics (incorporated into the ldatuning library, in 
R; Nikita 2020) to establish this parameter: harmonic mean, 
average cosine similarity, symmetric Kullback–Liebler 
divergence, and average Jensen–Shannon distance. Figure 3 

suggests two decisions for the number of topics; one is near 
to 13 and the other is 6 or 7.

We obtained the five most likely terms for each sugges-
tion (6, 7, and 13 topics), and, considering interpretability, 
parsimoniousness, and the number of strategists (8), there 
were six chosen topics. Figure 4 summarises the content/
label of each topic using the five most probable terms.

Note, in Fig. 4, the reasonable coherence of the compo-
sition of the latent topics that the study discovered. From a 
practical–strategic perspective of data analytics, therefore, 
a proposed interpretation of the topics (see Fig. 2), from an 
inductive process, is the following: F1. Operations analyt-
ics (customer, technological, productive, process, believe); 
F2. Product analytics (knowledge, product(b), important, 
see, model); F3. Market analytics (market, leader, privi-
leged, world, need); F4. Strategic analytics (area, strategic, 
product, manage, service); F5. Human resource analytics 
(human, see, person, go, management); and F6. Customer 
analytics (customer, new, form, see, enterprise). That is, 
from the authors’ viewpoint, which is to realise the inductive 
process (unsupervised learning), it is obvious that the most-
used terms represent the discovered patterns (topics) reason-
ably; however, is this also perceivable from the perspective 
of other people related to organisational management?

Fig. 3  Results of exploring the number of predefined topics with referenced metrics
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Validating the discovered alternatives

This stage considers four central properties: the content 
validity, novelty, reliability, and construct validity (conver-
gent and discriminant) of discovered patterns (alternatives) 
aiming to incorporate psychometrical considerations.

Is it reasonable to  assume content validity for  the  discov‑
ered alternatives? A fundamental property of useful topics 
in computation fields is coherence, which from a qualitative 
perspective implies that humans can understand and inter-
pret the topic (Chang et  al. 2009). In management fields, 
this property can be similar to content validity. According 
to Liman et  al. (2020), and Sekaran and Bougie (2016), 
content validity involves consulting expert opinions about 
the items, wordings, and phrases contained in the measure. 
In the present context of organisational management, we 
thus consider that the meaning and interpretation of a set 
of top terms for each topic is the first exploratory step to 
infer its content validity. However, to explore such a prop-
erty from other perspectives, we administered a survey to 
a sample of 34 professionals in areas related to organisa-
tional management. Twenty four of them responded to the 
instruction in the period May 10–13, 2020. The instruction 
was as follows: Please assign each word list (row) to the 
concept (column) with which that list has the most affinity. 
The sample involved several areas related to organisational 
management. With respect to undergraduate education, this 
sample included: industrial engineering (11/24), business 
management (5/24), production engineering (2/24), systems 
engineering (2/24), and others (4/24 each) from economy, 
psychology, accountancy, and social communication. It is 
worth noting that 19/24 respondents had finished postgrad-
uate education —masters (10) and specialisation (7)—and 
two people are currently studying —one masters and one 
specialisation. Postgraduate education was in the areas of 
business (8), finance (3), and analytics, education, manage-
ment systems, systems, logistics, economy, engineering, 
and mental health (1 each).

Table 1 provides the results of the proxy strategy for 
exploring the content validity of the patterns (topics), con-
sidering the participants’ perceptions of the affinity between 
the terms and the proposed concepts.

Table 1 shows that, in all cases, the participants assigned 
each set of terms more frequently to the proposed label (con-
cept): F1—operations analytics (54.17%), F2—product ana-
lytics (66.67%), F3—market analytics (62.5%), F4—strate-
gic analytics (50%); F5—human resource analytics (75%), 
and F6—customer analytics (41.67%). In five or six cases 
(excepting F6), the frequencies were greater than 50%. In 
fact, when exploring validity from a statistical perspec-
tive, researchers usually expect that different measures of 
the same construct share a minimum of 50% of the total 
information.

Is it reasonable to assume novelty for the discovered alterna‑
tives? This property is important because the definition of 
analytics specifically includes “non-obvious patterns”. The 
firm under observation recognised the novelty and value of 
the discovered patterns, however, although this recognition 
in the study domain is necessary, it is not enough to reach 
conclusions about the novelty of the discovered patterns. 
In order to provide more generalist evidence, we therefore 
performed a search on Scopus, using proposed labels (or 
their synonyms) for the discovered topics (e.g., “customer 
analytics”) in the title and restringing for articles or confer-
ence papers (generally more empirical applications; hence, 
excluding books, book chapters, reviews, etc.). We consid-
ered the total numbers of documents reported, the percent-
age of this value with respect to the total documents recov-
ered for the global theme (e.g., “data analytics”), the year 
of the first document that Scopus provided, and the ratio 
(2019) with respect to the number of documents in the first 
year named.

Table 2 presents the results of the search strategy explor-
ing the novelty of topics. It provides exploratory evidence 
for five aspects of interest; for example, the search (r2) for 
the concept “operations analytics” provided 84 documents, 

Fig. 4  Top five terms in each latent topic. Note the exact product name was replaced by “product(b)”
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representing 1.92% of the total documents that the database 
reported for (r1) analytics in general.

The results in Table 2 reinforce the novelty of the pro-
posed underlying patterns. Note that in all cases, the partici-
pation of each type of analytics in the general field is less 
than 2% (second column, Table 2), with five of six types of 
analytics accounting for less than 1%. Similarly, the first 
documents that Scopus reported for the search expression 
area are relatively recent (2004–2012), and the low degree 
of maturity in the study of the underlying types of analytics 
to date is remarkable. These types of analytics, underlying 
the list of identified terms, are therefore important research 
fields for future studies and for the practice of organisational 
management.

Is it reasonable to assume reliability for the discovered alter‑
natives? Reliability refers to consistency among successive 
measures of the same construct to assure reproducibility. By 
analogy with these properties and considering the present 
scenario of text analytics in organisational management, the 
average cosine similarity between term vectors may there-
fore be a useful measure to infer internal consistency, that 
is, a form of reliability. In fact, in a study scenario using a 
Likert scale, which management research frequently uses, 
Chakrabartty (2018) proposes, among other things, cosine 
similarity (using only the frequencies of the item) as a non-
parametric measure of reliability, and compares this metric 
with the traditional Cronbach’s alpha. Similarly, whether 
the consistency (using the average cosine similarity) among 

Table 1  Results of a proxy strategy for exploring the content validity of the patterns

Percentages are expressed by file (
∑

rows = 100%); in parenthesis: absolute frequencies (number of respondents). In diagonal (bold): frequen-
cies of the terms preassigned (proposed composition) to the discovered latent topics

Terms of discovered patterns 
(topics)

Labels derived from the interpretative–inductive process

Strategic analytics Human 
resource 
analytics

Market analytics Operations analytics Product analytics Customer analytics

F4. Area, strategic, product, 
management, service

50%
(12)

0%
(0)

4.17%
(1)

16.67%
(4)

16.67%
(4)

12.5%
(3)

F5. Human, see, person, go, 
management

8.33%
(2)

75%
(18)

4.17%
(1)

4.17%
(1)

0%
(0)

8.33%
(2)

F3. Market, leader, privi-
leged, world, need

12.5%
(3)

4.17%
(1)

62.5%
(15)

0%
(0)

8.33%
(2)

12.5%
(3)

F1. Customer, technologi-
cal, productive, process, 
believe

8.33%
(2)

4.17%
(1)

0%
(0)

54.17%
(13)

4.17%
(1)

29.17%
(7)

F2. Knowledge, product, 
important, see, model

4.17%
(1)

0%
(0)

25%
(6)

4.17%
(1)

66.67%
(16)

0%
(0)

F6. Customer, new, form, 
see, enterprise

25%
(6)

4.17%
(1)

8.33%
(2)

12.5%
(3)

8.33%
(2)

41.67%
(10)

Table 2  Exploring the novelty of the patterns outside the domain (May 11, 2020)

a The first document that the database reported; it does not refer to the first document in the world
b (LIMIT-TO(DOCTYPE, “ar”) OR [LIMIT-TO(DOCTYPE, “cp”)]

No Search expression (A) Total docs (A)/(r1)
(in %)

(B) Year 
of the first 
doc.a

(r1) TITLE (“data analytics” OR “big data analytics” OR “business analytics”)  ANDb 4381 NA 2002
(r2) TITLE (“operation analytics” OR “analytics of operations” OR “process analytics” OR “analytics 

of processes”)  ANDb
84 1.92 2005

(r3) TITLE (“product analytics” OR “analytics of products” OR “service analytics” OR “analytics of 
service”)  ANDb

15 0.34 2004

(r4) TITLE (“market analytics” OR “analytics of market”)  ANDb 6 0.37 2010
(r5) TITLE (“strategic analytics” OR “strategy analytics”)  ANDb 7 0.16 2008
(r6) TITLE (“human resource analytics” OR “analytics of human resource” OR “people analytics” OR 

“personnel analytics” OR “employee analytics”)  ANDb
22 0.50 2012

(r7) TITLE (“customer analytics” OR “analytics of customer”)  ANDb 18 0.41 2006
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terms of a discovered pattern (topic) is not only reasonable 
but also greater than the consistency among such terms and 
the terms of the other patterns could favour convergent and 
discriminant validity. However, two problems in the present 
text analytics scenario are defining “a reasonable value” for 
the average internal consistency and determining the num-
ber of terms to use to represent the patterns (concepts) under 
study.

Several references based on associations between obser-
vation measures in organisational management, such as item 
validity and reliability (Cronbach’s alpha or composite), use 
0.7 as the minimum threshold for acceptance. In fact, it is 
also common to use that value in studies in computation 
fields (Soni et al. 2016). In the present study, we fixed the 
minimum threshold to accept reliability based on the average 
cosine similarity at 0.7.

The framework suggests two aspects regarding the num-
ber of terms to use to represent the concepts under study: (1) 
understanding the behaviour of the cosine similarity average 
by several numbers of top terms; that is, the terms that are 
most likely to occur in each topic; and (2) identifying the 
lowest number that satisfies the defined threshold (0.7).

Figure 5 presents the results of the simulations, per-
formed with LDA (under Gibbs’ method).

Figure 5 shows that the reliability (based on the mean 
cosine similarity) of the discovered patterns decreases when 
the number of top terms increases. That is, only a certain 
number of terms (the most likely terms) share a strong simi-
larity. This is consistent with the practice of scale develop-
ment and validation in management research because it is 
common to start with many items (or questions), and then, 
using qualitative and qualitative procedures, finish with a 
reduced scale. This is because only a small number of items 
satisfy several psychometric properties, such as reliability.

In the present scenario, the situation is similar, because 
Fig. 5 shows that using a reduced number of terms, at least 
the top 20, ensures the minimal threshold (0.7) for the aver-
age cosine similarity for all patterns (topics). It is worth 
noting that topics F1 (operations analytics), F6 (customer 
analytics), and F2 (product analytics) present the most con-
sistent values and, would thus allow the inclusion of more 
than 20 terms, however, based on the premises of parsimony 
and the Pareto principle (few—vital and many—trivial), this 
study used the same number of terms for all the patterns: the 
20 most likely terms.

Is it reasonable to assume construct validity for the discov‑
ered alternatives? Construct validity means really measur-
ing the theoretical concept that the study intends to meas-
ure, and no other concept. Construct validity is commonly 
explored through two manifestations: convergent and dis-
criminant validity. Based on Rial et al. (2006), it is there-
fore possible to infer whether the observable measures share 
more information (convergent) than with the measures of 
other constructs (discriminant).

Considering the top terms chosen, the study explored 
discriminant validity through Eq.  (3), which adopts the 
criterion of Fornell and Larker (1981) for the analysis of 
questionnaire data considering the covariance matrix. In 
this paper, however, we used the cosine similarity for each 
topic (alternatives), and expressed the response through the 
validity ratio (rv),

(3)rv =
Av.CoSim

(
Termsi

)2

Max

[
Av.CoSim

(
Termsi, Termsj

)2] ∀i ≠ j

Fig. 5  Behaviour of the cosine 
similarity mean by number of 
terms
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where Av.CoSim(Termsi) is the average cosine similarity 
among the representation vectors of top terms within topic i 
and Av.CoSim(Termsi,  Termsj) is the average between top-
ics (i ≠ j).

The Eq. (3) results are reasonable because Fornell and 
Larcker (1981) state that, in psychometric contexts, if the 
average variance explained for a latent factor is greater than 
the squared inter-construct correlations, there is reasonable 
evidence of discriminant validity (Aldás and Uriel 2017). 
In a context of linguistic computation, Washtell (2010, p. 
49) also notes, “as with Pearson’s R2, it [squared cosine 
similarity] represents the degree or proportion of similar-
ity (consider that the square of an angle’s cosine and that 
of its sine total 1).” This is consistent with Wang et al.’s 
(2015) use of such a measure because they apply the squared 
cosine similarity to measure feature redundancy. In other 
words, Eq. (3) is consistent with the need to find more shared 
associations (similarity in this case) among the observable 
variables belonging to the same latent variable (topic in this 
case) than between those and other latent variables (Aldás 
and Uriel 2017). In the present non-parametric context of 
text analytics, when rv is farthest (to the right) from 1 more 
exploratory evidence in favour of discriminant validity is 
found.

Table 3 provides the results of exploring the discriminant 
validity for the topics (discovered alternatives); we can inter-
pret the diagonal [squared Av.CoSim(termi)] as the propor-
tion of similarity among the terms (observable variables) of 
the same topic, and the other cells have such a proportion 
but apply to inter-patterns (topics) [squared Av.CoSim(termi, 
 termj)].

In Table 3, note that all the topics (discovered alterna-
tives) present a ratio (rv, see Eq. 3) greater than 1; for exam-
ple, the proportion of similarity for F1 is 1.18 times greater 
than the maximum proportion of its competitors (0.593). In 
fact, all the exposed ratios ranged from 1.06 to 1.18 with 
a mean of 1.12. In other words, Table 3 shows that, in all 
cases, the observable variables (terms) for each topic share 
more similarity than exists between those and the terms of 
other topics.

Aldás and Uriel (2017, p. 543) state that there is conver-
gent validity when different measures (e.g., indicators) of 

the same construct share a large proportion of variance or 
are widely correlated. In fact, a traditional criterion for con-
vergent validity in management research is that the propor-
tion of variance that a latent factor explains is greater than 
0.5 (Aldás and Uriel 2017). From this perspective, squared 
cosine similarity (the proportion of similarity that the terms 
of the same topic share) can be an exploratory measure of 
convergent validity in non-parametric scenarios of text ana-
lytics. Note that, in Table 3, the diagonals are greater than 
0.5; that is, in all cases, the similarity among the observable 
measures of the same construct is greater than 50%.

In summary, in analogy with traditional concepts and 
metrics in management research (imported from psychom-
etry), the patterns discovered using text analytics satisfy the 
fundamental properties of latent factors: content validity 
(reasonable affinity between terms and expected concepts), 
reliability (Av.CosSim > 0.7), discriminant validity  (rv > 1), 
and convergent validity (Ave.CosSim2 > 0.5). In the next 
section, we thus use the six topics as decision alternatives 
to help the strategists to make a more rational decision about 
the priority focus of future analytics initiatives.

Discovering the criteria and their weights

The interviews conducted with the strategists considered 
another question: What should the three main differentiat-
ing factors of the organisation’s products, processes, or ser-
vices be, so that they contribute to the strategic vision? To 
facilitate the finding of answers and assume a comprehen-
sive perspective, we listed nine possible factors (with their 
meaning) for each strategist (e.g., efficiency, opportunity, 
customer focus, security). We chose an initial list of factors 
from previous analyses of the literature about total quality 
management (EFQM and Malcolm Baldrige, e.g., Winn and 
Cameron 1998; Maderuelo 2002; Rao et al. 1999; Tamimi 
1995), and value addition (e.g., Gidey et al. 2014). The strat-
egists, however, could also express and choose other factors 
that they considered to be relevant (two additional factors). 
At least 2 strategists chose 5/11 factors. We then used four 
normalisation methods (described in Munier et al. 2019) 
to estimate the criteria weights: M1 (sum of frequencies), 
M2 (dividing by maximum value), M3 (Euclidean formula), 

Table 3  Square of the cosine 
similarity mean for the top 20 
between terms of the same topic 
(diagonal) and between different 
topics

Topics F1 F2 F3 F4 F5 F6

F1 0.701 0.511 0.503 0.433 0.407 0.593
F2 0.511 0.579 0.389 0.372 0.347 0.493
F3 0.503 0.389 0.540 0.368 0.388 0.510
F4 0.433 0.372 0.368 0.507 0.393 0.462
F5 0.407 0.347 0.388 0.393 0.524 0.457
F6 0.593 0.493 0.510 0.462 0.457 0.653
Ratio  rv 1.18 1.13 1.06 1.10 1.15 1.10
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and M4 (based on the range). We considered the number of 
strategists (Freq) who chose each criterion. Table 4 shows 
the criteria weights normalised by the four named methods.

Table 4 shows that, independently of the normalisation 
method used, C1 and C2 are the most important criteria, 
considering the critical factors that the strategists chose 
during the interviews. However, the advantage of probing 
several normalisation methods is that the distances between 
the criteria vary, and this can affect the final decision when 
including the alternatives. For example, from M1, based on 
the sum of frequencies, the distance between C1 and C2 is 
0.047, but from M2 (dividing into the maximum value) and 
M4 (based on range), it is 0.143 and 1.0 respectively.

Examining empirical reasons for the multi‑criteria 
perspective

To empirically confirm the need to assume a multi-criteria 
viewpoint, we explore an individual perspective (a “better” 
alternative for the strategist) of the present decision-making 
case. Figure 6 provides the underlying preferences that each 

strategist presented for the alternatives, which we calculated 
from text analytics using the sum of the frequencies of the 
top 20 terms on each page, then aggregating (sum) by strate-
gists and normalising (0–1) based on the range. A score of 
1 thus represents the best alternative from the strategists’ 
perspective, and 0 is the worst alternative.

Figure 6 shows that the strategists have diverse underly-
ing preferences regarding the alternative (topics). This shows 
notable complexity when a decision is necessary. Strategist 1 
(Str1) prefers F2, Strategist 2 prefers F3 and F1, Strategist 3 
tends towards F5, Strategist 4 prefers F3 and F4, Strategists 
5 and 6 prefer alternative F6, Strategist 7 tends towards F1 
and F4, and Strategist 8 prefers F3; the discrepancy is huge.

Figure 6 is consistent with the interpretative aspects of 
the observation scenario, which highlighted the complexity 
involved in achieving consensus among strategists about the 
priority analytics focus on the organisation. In other words, 
Fig. 6 symbolises an important meeting between eight strate-
gists (with great decision-making power) who have different 
viewpoints regarding the organisation’s direction concern-
ing analytics: that is, a complex meeting in which reaching 

Table 4  Relative importance of 
criteria using four normalisation 
methods

Criteria Freq (f) M1 (Sum) M2 (Largest val.) M3 (Euclidean) M4 (Range)
fi/sum(fi) fi/max(fi) fi/[sum(fi2)]1/2 [fi − min(fi)]/

[max(fi) − min(fi)]

C1 7 0.333 1.000 0.670 1.000
C2 6 0.286 0.857 0.575 0.800
C3 4 0.190 0.571 0.383 0.400
C4 2 0.095 0.286 0.192 0.000
C5 2 0.095 0.286 0.192 0.000

Fig. 6  Underlying preferences 
of strategists (Str) for alterna-
tives (topics: F1–F6)
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a consensus may be a utopic challenge. The multi-criteria 
perspective employed by the proposed framework is there-
fore useful in order to contribute to the necessary consensus 
in an argumentative way.

Discovering the scores of alternatives within each 
criterion using a text‑driven approach

To contribute to the consensus between the strategists in a 
transparent and justified manner, we followed the proposed 
framework and assumed the five factors (words) chosen by 
the strategists and their synonyms as a set of seed terms (13 
terms in total). Based on the instructions of Garten et al. 
(2018, distributed dictionary representation), and consider-
ing the corpus vocabulary (1938 terms in total), we created 
a representation vector for each criterion using the average 
of the cosine similarity between the seed terms within each 
criterion. We then calculated the cosine similarity between 
these criteria vectors and the other terms (non-stopword) in 
the entire corpus vocabulary. In total, 25 terms were chosen 
to represent the criteria (five for each criteria).

We built a normalised multi-criteria decision matrix for 
each strategist, in which the rows are the alternatives, the 
columns the criteria, and the cells the normalised scores 
(based on a range) that we derived from computing the alter-
natives for each criterion using a text-driven computational 
approach. We calculated each  cellij (it is Sij in Eq. 1) using 
the cosine similarity (see Eq. 2) between vector representa-
tions of alternative j (considering terms representing topic 
j) and criteria i (terms representing criteria i). Note that in 
this text-driven computational approach, the strategists were 
not asked to obtain the alternative scores; they did not have 
to adapt their evaluation to predefined numerical/linguistic 
categories.

Figure 7 presents the results of evaluating the alternatives 
(topics) in each decision criterion.

Note, in Fig. 7, that there are three dominated alterna-
tives (F1: strategic analytics, F3: market analytics, and F5: 
product analytics) and three non-dominated alternatives (F2: 
human resource analytics, F4: operations analytics, and F6: 
customer analytics). It is therefore possible to reduce the 
problem of six alternatives and five criteria to a more prac-
tical problem with three alternatives (non-dominated) and 
five criteria.

Prioritising the discovered alternatives 
and choosing the “best” solution

We focused only on non-dominated alternatives “which are 
better in at least one criterion when compared to another 
alternative and there is no alternative better than them in all 
criteria” (Fontana and Cavalcante 2014, p. 1621). The scores 
of the alternatives are then calculated by means of a global 
indicator (weighted sum; see Eq. 1), considering the weights 
of the criteria (according to the normalisation method used; 
see Table 4). Next, the alternatives are ranked, and the “best” 
solution is identified (highest score obtained). Figure 8 pro-
vides a global weighted evaluation of the alternatives by the 
method used to normalise the criteria weights.

Figure 8 shows that it is possible to exclude the F2 alter-
native (human resource analytics) because F4 (operations 
analytics) and F6 (customer analytics) are greatly superior 
to it. It is worth noting that there are no notable differences 
between the last alternatives; and when using the M1, M2, 
and M3 methods, F6 is slightly superior to F4, but, when 
considering M4, F4 has a higher score than F6.

Fig. 7  Evaluation of the alterna-
tives for the criteria
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In summary, at this point of the study, it is possible to 
note that, among the six initial alternatives that emerged 
from the documents (interviews with strategists), two are the 
most relevant (F6 and F4) for adoption in the current sce-
nario of the organisation. However, remember that one fun-
damental restriction highlighted by Eq. (1) is that only one 
alternative must be chosen. Based only on Fig. 8, alternative 
F6 is therefore the most relevant. In order to consider other 
analytical results, however, the next section reports the sen-
sitivity analyses using these three most relevant alternatives.

Evaluating the solution robustness 
for the discovered solution

This stage examines the “best alternative” when using two 
additional criteria weightings (perceptual and simulated).

Considering a perceptual weighting of criteria

For this analysis, each strategist chose three criteria based on 
their perception of their relevance to achieving the strategic 
vision. They then assigned ratings: 5 (first most relevant), 
3 (second most relevant), and 1 (third most relevant). We 
aggregated the scores and explored the sensitivity of the 
current solution to this new perceptual weighting scenario.

Table 5 compares the results for the M1 method (using 
the number of strategists who chose each criterion; see 
Table 4) and the M1′ method (based on the perceptual rat-
ing from strategists).

The last column of Table  5 provides the difference 
between these two results, which range from -0.045 to 
0.056. Note that these differences are not particularly great, 

however, from a relative perspective, criterion C4 increased 
by 60% (0.152 vs 0.095), but the other criteria varied from 
-13.5% (C1) to 11.6% (C3). Figure 9 thus provides the rank-
ing of alternatives in order to explore the sensitivity of the 
current solution to these new scenarios (perceptual rating 
from the strategists).

Figure 9 shows that the solution is still the same: F6 and 
F4 are the most relevant alternatives for the organisation, 
however, in this scenario, F4 is not superior to F6 in any 
case.

Considering a simulated weighting of criteria

This section explores the behaviour of the non-dominated 
alternatives, considering eight scenarios. Each scenario 
involves varying (simulations) the number of strategists in 
favour of each criterion, ranging from one to eight strat-
egists. This procedure thus provides several weightings 
for the criteria, for example 1/8 (12.5%) to 8/8 (100%) for 
each criterion. Once again, we aggregated (see Eq. 1) the 

Fig. 8  Ranking of the most relevant decision alternatives

Table 5  Scores by criterion from the perceptions of strategists (M1′) 
and the frequentist perspective (M1)

Criteria Rating M1′ M1 (see Table 4) Difference
M1′–M1

C1 19 0.288 0.333 − 0.045
C2 17 0.258 0.286 − 0.028
C3 14 0.212 0.190 0.022
C4 10 0.152 0.095 0.056
C5 6 0.091 0.095 − 0.004
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scores and then explored whether the current solution (F6) 
remained superior and stable compared to the other alterna-
tives. Figure 10 shows the results of exploring the behaviour 
of F2, F4, and F6 considering the eight weighting scenarios.

Figure 10 shows that, in practically all the cases, F6 (cus-
tomer analytics) remains superior and stable in comparison 
with the other alternatives. Similarly, F4 (operations analyt-
ics) is superior to F2 (human resource analytics). In other 
words, the conclusion that we obtained in previous sections 
regarding the “best” alternative remains consistent.

In summary, in the specific observation context, the sen-
sitivity analysis supports the recommendation to focus the 
main organisational resources/efforts on developing future 
analytics initiatives in the domain of customer analytics 
(F6), in order to improve VGA.

Conclusions and future work

This paper developed a novel mixed methodological frame-
work comprising five stages and 12 steps that combine text 
analytics, interviews, and multi-criteria decision analysis. 
The framework includes procedures to explore four proper-
ties (reliability, content validity, novelty, and construct valid-
ity) based on traditional management research resources 
(e.g., surveys and psychometric considerations) and a text-
driven computational approach (e.g., distributed dictionary 
representation, cosine similarity).

Despite the benefits of multi-criteria decision analysis for 
the rational decision-making process, this assumes that there 
is already a structured problem (e.g., objective, alternatives, 

Fig. 9  Ranking of the most relevant alternatives in the scenario of perceptual punctuation of criteria

Fig. 10  Sensibility analysis for the most relevant alternatives using simulated changes in criteria weights
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criteria, and criteria weights), which, according to Mart-
tunen et al. (2017), is not necessarily the case, as found in 
the observation scenario. Multi-criteria decision analysis 
is therefore traditionally combined with problem structur-
ing methods, however, most of these (structuring) methods 
are supported only by interpretivism, so they are intensive 
in subjective appraisals, meanings, and so on (e.g., SWOT, 
Delphi, Stakeholder’s analysis, brainstorming). However, 
the proposed framework helps to overcome these challenges 
using a text-driven computational approach by discovering 
valuable latent patterns from interview data (transcriptions), 
such as criteria, alternatives, criteria weights, and scores of 
the alternatives within the criteria. This favours efficiency, 
reproducibility, and transparency in the decision-making 
process.

This paper provides insights into a real critical problem 
in a strategic domain of analytics concerning how to dis-
cover, prioritise, and validate patterns involving several 
organisation strategists in order to improve competitive 
advantage. The deployment of the framework discovered 
six underlying topics (latent alternatives) from textual data 
(interview transcriptions). It validated these using content 
validity from the viewpoint of 24 professionals in manage-
ment areas; similarly, it validated them through reliabil-
ity and convergent/discriminant validity using measures/
procedures based on semantic similarity and distributed 
dictionary representation. Furthermore, it analysed the 
novelty of the discovered topics through a bibliometric 
strategy supported by the number of scientific papers 
related to each topic. It also confirmed the complexity of 
making decisions in a strategic scenario of analytics, and 
identified, ranked, and argued the best decision alternative 
in the study scenario. We also tested the “best” alternative 
using sensitivity analysis to confirm its robustness when 
the weighting of criteria varies. This article thus contrib-
utes to understanding and addressing complex decision-
making processes in organisational environments, from 
a multi-criteria perspective assisted by the leveraging of 
interview data using a text-driven computational approach.

This paper also found that customer analytics is an 
essential topic for future analytics initiatives in the obser-
vation context. It thus demonstrates that the managerial 
decision-making process can be improved (e.g., reliable, 
valid, robust, reproducible) by combining qualitative (e.g., 
interviews with organisational strategists) and quantita-
tive data/techniques (e.g., text analytics, and multi-criteria 
analysis) using a text-driven computational approach. This 
application case can help managers/practitioners recognise 
underlying decision-making alternatives for future analyt-
ics initiatives and contribute to better VGA in the organi-
sational arena. The discovered solution is consistent with 
Kitchens et al. (Kitchens et al. 2018, p. 545), who state, 
“By building on one of the firm’s most important resources 

(its customers) and one of its least imitable (its data), cus-
tomer analytics represents an important strategic initia-
tive with the potential to create significant and sustainable 
competitive advantage.” Customer analytics is assumed 
beyond a “simple” action, method, or process; this is an 
integral domain that uses/influences several functional 
areas and can contribute to the generation of sustainable 
competitive advantage in the organisational context.

Based on this scope of the customer analytics con-
cept and considering studies such as Louro et al. (2019), 
Sun et al. (2014), and Tandon (2021), there is a potential 
multi-criteria concern to be addressed with the proposed 
framework, regarding how to reconfigure the concepts, 
techniques, resources (including customer data), and capa-
bilities of marketing and analytics to achieve an integrative 
framework that improves customer insight/satisfaction. To 
address this question using the proposed framework, a set 
of relevant information sources in an organisation can ini-
tially be interviewed (online or in person), textual data 
(interview transcriptions) can then be transformed in dis-
covered patterns (alternatives, criteria and their weights, 
and scores -see Eq. (1)- of alternatives within criteria), and 
finally a global evaluation deployed for ranking alterna-
tives and deciding. Another use of the proposed framework 
in the domain of customer analytics, based on Hallikainen 
et al. (2020), Patel et al. (2014), Xu et al. (2021), and Yer-
pude and Singhal (2019), is to stimulate interactions in 
real time between the customer and organisation, through 
the dynamic use of customer data and the organisation’s 
communication channels (e.g., social media), so that 
additional sales of products/services are stimulated. Simi-
larly, according to Jayaram et al. (2015) and Nauck et al. 
(2006), another multi-criteria challenge that can feasibly 
be addressed using the proposed framework, and taking 
into account company particularities, is determining which 
technologies/products for the use of customer data are the 
most appropriate to stimulate acceptance and use by the 
marketing team, in order to achieve a more timely and 
effective decision-making in matters related to the clients.

The five stages and 12 steps comprising the proposed 
methodological framework (see Fig. 1) are intensive in 
computational tasks for text processing/analysis, which con-
tributes to overcoming the challenges attributed to mixed 
research which require high operations/time/resources and 
quantitative/qualitative skills (Krishen and Petrescu 2021; 
Molina-Azorίn 2011).

The proposed framework can be used to improve the qual-
ity of decision-making processes, including those in the cur-
rent/future virtual work environments (e.g., teleworking). 
For example, it is feasible and efficient to apply the frame-
work under such an environment to capture and analyse 
textual data about other relevant organizational concerns. 
In an automated or semi-automated manner, the framework 
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offers guidelines to transform such text data in consensual 
latent patterns that reasonably represent alternatives, criteria, 
criteria weights, and scores of alternatives within criteria. 
According to the framework, these components are con-
sidered in a systematic manner to make relevant decisions 
in a more transparent, justified, efficient, and reproducible 
manner.

This paper also facilitates future dialogue and brings 
together work by companies, academics, consultants, and 
governments to potentiate better decision-making processes 
in person-based environments or virtual workplaces (e.g., 
teleworking).

The proposed methodological framework is also appli-
cable to other types of data originated by natural language 
(e.g., open questions administered in questionnaires by mail, 
customer complaints and claims, employee suggestions), 
which contribute towards formulating and specifying stra-
tegic issues for organisations. For example, textual data from 
operational level employees (e.g., suggestions, expectations, 
needs), customers (e.g., complaints and claims), suppliers 
(e.g., supplier performance reports), and competing organi-
sations (e.g., mission statements, descriptions of products 
and services, comments on social networks) can reveal a 
variety of decision alternatives unknown to strategists and, 
thus, nurture the decision-making processes around the 
generation of new competitive advantages. Future studies 
can reproduce/improve the proposed framework using these 
other textual data for other relevant organisational concerns, 
and other companies/domains and methods. Future studies 
can reproduce/improve the proposed framework these other 
textual data other relevant organisational concerns, and other 
companies/domains and methods.
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